A computational framework was developed to assist in screening and prioritizing chemicals based on their dosimetry, toxicity, and potential exposures. The overall strategy started with contextualizing chemical activity observed in highthroughput toxicity screening (HTS) by mapping these assays to biological events described in Adverse Outcome Pathways (AOPs). Next, in vitro to in vivo (IVIVE) extrapolation was used to convert an in vitro dose to an external exposure level, which was compared with potential exposure levels to derive an AOP-based margins of exposure (MOE). In this study, the framework was applied to estimate MOEs for chemicals that can potentially cause developmental toxicity following a putative AOP for fetal vasculogenesis/angiogenesis. A physiologically based pharmacokinetic (PBPK) model was developed to describe chemical disposition during pregnancy, fetal, neonatal, and infant to adulthood stages. Using this life-stage PBPK model, maternal exposures were estimated that would yield fetal blood levels equivalent to the chemical concentration that altered in vitro activity of selected HTS assays related to the most sensitive vasculogenesis/angiogenesis putative AOP. The resulting maternal exposure estimates were then compared with potential exposure levels using literature data or exposure models to derive AOP-based MOEs.
and are linked to KEs leading to an AO. Once constructed, these AOPs may be used qualitatively to evaluate chemicals for potential toxicity, and in some cases, quantitatively to build mechanistic models for predicting dose/response relationships and health risk estimates. One example of a putative AOP that is related to developmental toxicity was developed by Kleinstreuer et al. (2013) . They used targeted high-throughput screening (HTS) and high-content screening assays to identify biological signatures for events critical to blood vessel formation, maintenance, and remodeling to develop a putative AOP for disruption of developmental vasculogenesis/angiogenesis. Disruption of vascular development has been directly correlated with prenatal loss, malformations, maternal placental complications, and neuro developmental problems (Kleinstreuer et al., 2013; Knudsen and Kleinstreuer, 2011; Tal et al., 2014) .
To assist in developing and applying AOPs to Human Health Risk Assessment (HHRA), the U.S. Environmental Protection Agency ToxCast research project and the Federal Tox21 consortium are leading large-scale efforts to profile the biological activities of thousands of chemicals across multiple in vitro assays (Dix et al., 2007) . However, the application of AOPs to HHRA necessitates the extrapolation of in vitro HTS data to in vivo doses which are converted to external exposure levels where regulatory limits are set. Such in vitro to in vivo extrapolation (IVIVE) helps interpret the biological plausibility of nominal in vitro concentrations that induce toxicity by placing them in the context of tissue concentrations that may be reasonably achieved in the whole organism due to real-life exposure scenarios. However, linking tissue concentrations to external doses requires the understanding and characterization of absorption, distribution, metabolism, and excretion (ADME) for each chemical within the context of the relevant AOP (Strikwold et al., 2013) .
Existing approaches for IVIVE that utilize HTS data are usually based on predictions for an oral equivalent dose that will produce steady-state blood levels comparable to the HTS in vitro assay concentration where half-maximal effects are observed (ie, AC50) (Judson et al., 2011; Rotroff et al., 2010; Wetmore et al., 2012) . In most cases, such an assumption is appropriate when blood levels are reasonable surrogates for target tissue levels, and steady-state blood levels are attained quickly for chemicals with short half-lives. However, in situations where target tissue levels are different from blood, perhaps due to accumulation of a chemical because of specific protein binding, deposition in the lipid phase, or active membrane transport activation or inhibition, external equivalent doses estimated based on steady-state blood levels are inadequate. In other situations, steady-state assumptions may not be appropriate due to rapidly changing physiological processes, as is the case during pregnancy and fetal, perinatal and infant development. In these situations, temporal changes in physiological and biochemical processes impacting a chemical's ADME and/or toxicity should be explicitly described using life-stage physiologically based pharmacokinetic (PBPK) modeling for more appropriate IVIVE (Martin et al., 2015) .
Here we present the development of a computational framework that utilized life-stage PBPK models in combination with AOP-interpretable HTS in vitro and observed or predicted environmental concentrations to screen and prioritize chemicals based on margins of exposure (MOE) estimates. Figure 1 illustrates this screening process in which health risks that arise from exposure to chemicals can be assessed based on an understanding of chemicals' interactions with target tissues based on their ADME properties, and in vitro dose-response data as outlined in relevant AOPs. This generalizable PBPK-HTS approach, was applied to a set of selected chemicals that were screened following a putative vasculogenesis/angiogenesis disruption AOP. The selected chemicals were perfluorooctanesulfonic acid (PFOS), Triclosan [5-chloro-2-(2,4-dichlorophenoxy)phenol], Pyridaben [2-tert-butyl-5-[(4-tert-butylphenyl )methylsulfanyl]-4-chloropyridazin-3-one], and phenyl]-5-(trifluoromethyl)pyridin-2-amine]. These four chemicals demonstrate the versatility of the computational approach to estimate AOP-Based MOEs for chemicals spanning a range of efficacies for triggering various MIEs in a putative fetal vasculogenesis/angiogenesis disruption AOP where human environmental exposure data exist (PFOS), or are absent (Pyridaben, Triclosan, and Fluazinam).
MATERIALS AND METHODS

Overall life-stage PBPK model
Physiological descriptions of life-stages for fetus, neonate, growing child, and pregnant woman were considered in the overall PBPK model (Figure 2 ). The inclusion of the life-stages was intended for the purpose of estimating maternal blood levels during pregnancy as a result of lifetime exposure to chemicals suspected of bioaccumulation to varying degrees. The lifestage PBPK model was applied by assuming initial blood levels of the chemicals to be negligible for a neonate at birth. Afterwards, model simulations starts by considering increasing chemical oral intake rate based on increasing bodyweight of a neonate and continues until adulthood and during pregnancy (conception was assumed to occur at age 25 years). During pregnancy, the model is extended to include a fetal PBPK submodel to predict in vivo chemical concentrations in fetal blood. For every life-stage, the predicted blood concentrations can be related to in vitro dose-response data obtained from HTS assays in view of the AOP of concern Physiological parameters for the neonate, infant, growing child, and nonpregnant woman were obtained from the literature (Brown et al., 1997; Clewell et al., 2007; Gentry et al., 2003) . Information on body growth for female children and adults were obtained from the National Center for Health Statistics. Partition coefficients for the four selected chemicals were obtained using ADMET Predictor and GastroPlus software (Simulations Plus, California). Oral absorption constants for each chemical were also obtained using GastroPlus and are described by first order kinetics using a first order constant rate Ka (h À1 ).
PBPK parameters for the growing child
The PBPK submodel for the neonate/infant and growing child to adulthood (before pregnancy) included tissue compartments for skin, fat, brain, mammary, uterus, kidney, liver, lung, and slowly and rapidly perfused tissue. The volumes of the tissue compartments were linearly scaled, using tissue fractions from published literature based on increasing bodyweight (Brown et al., 1997) . Blood flows to the compartments were also scaled linearly as a fraction of total cardiac output which was described using the following equation (Jegier et al., 1963) .
Clearance of the chemicals during childhood growth was described via hepatic metabolism and systemic renal excretion. Temporal in vivo hepatic clearance rates were accounted for by linearly scaling values obtained from HTS in vitro hepatic clearance rates as described later in the hepatic clearance IVIVE section. This linear scaling for hepatic metabolism was adequate for life-time exposure situations as was illustrated when compared with available enzyme ontogeny information (as shown later for CYP1A2 ontogeny example in the results section). Temporal change in renal clearance was scaled based on body surface area (SA).
The maturation of kidney structure and function has a profound impact on those drugs that depend on renal clearance for elimination and/or termination of pharmacological action (Hines, 2008) . Vasoconstriction and reduced renal blood flow result in a substantially diminished glomerular filtration rate (GFR) in the term infant versus the adult. With parturition and the resulting decrease in vascular resistance and increase in cardiac output and renal blood flow, GFR increases rapidly and approaches adult levels by the first year of life (Alcorn and McNamara, 2003) . Therefore, an equation that describes the used to select chemicals and determine their toxicity potential using in vitro HTS data. The chemicals are queried for any documented tissue levels (eg, blood or urine in literature or using NHANES data). If this data are available, the PBPK model for the mother is used to reconstruct Life-Time exposure (ENV_EXPOSURE) (as was shown for PFOS). If this data is not available, elaborate exposure models such as SHEDS-HT is used to estimate environmental exposures (ENV_EXPOSURE). Similarly, using the in vitro levels in target tissue (eg, fetal blood), the AOP_EXPOSURE is constructed by the PBPK model. The AOP-based Margin of Exposure is estimated as the ratio of the AOP_EXPOSURE to ENV_EXPOSURE.
FIG. 2.
Schematic of the Life-Stage PBPK Model compartments and time line. Growing child is modeled using a PBPK model until conception (assumed at age 25). The PBPK model is then converted to a pregnancy one and included a fetal sub-model. The fetal sub-model illustrates the directions of blood flow as the chemical(s) is distributed to fetal tissues with descriptions for shunts (ductus venosus DV, and ductus arteriosus DA) and the foramen ovale (FO) in the heart. Influence of the shunts and FO is reduced until they disappear as the fetus is born and the submodel continues to describe a neonate. change of GFR rate during infant development was developed using data from Alcorn and McNamara (2003) 
Tissue growth during pregnancy
Mathematical equations were derived to describe growth of fat, mammary gland, uterus, and placenta in a woman during pregnancy using information from the Annals of International Commission on Radiological Protection report (ICRP) (Valentin, 2003) . For fat tissue volume growth, the following equation was derived and optimized using available data from the ICRP report ( Figure 3a ):
VFat (t) represents the time dependent fat tissue volume (l) during pregnancy, VF is baseline fat volume of an adult female at 25 years age (l), BW (kg) is total body weight, and t is gestational time (h). Uterus growth during pregnancy was described using the following equation:
where VUter (t) is time dependent uterus volume (l) in a pregnant female, VU is baseline uterus volume at 25 years age (l), BW is total body volume (l), and t is gestational time (h). The derived equation fit compared with available data is shown in Figure 3b . Mammary tissue growth was described using the following equation:
where VMam (t) is time dependent mammary tissue volume (l) during gestation, VM is baseline mammary tissue volume at 25 years age (l), BW is total body volume (l), and t is gestational time (h). Figure 3c illustrates the fit of the equation to data for mammary tissue growth during pregnancy. Placenta growth was described using the following equation:
where VPla(t) is time dependent placenta tissue volume (l), and t is gestational time (h). Figure 3d illustrates the fit of the equation to data for placental growth during pregnancy. Using the equations above for fat, uterus, mammary tissue, and placenta volume growth, the total body volume for the mother during pregnancy can then be estimated as:
where x is the mother's body volume during pregnancy (l), BW is the body weight (kg) before conception (at age 25years), and VFet (t) is the time dependent fetal weight (kg) (given under the 'Fetal PBPK Submodel' section).
Tissue blood flows during pregnancy
Total cardiac output is changed during pregnancy, and data from the ICRP report were used to optimize a mathematical equation in the following form:
where x is cardiac output during pregnancy (l/h), and t is gestational time (h).
Fractional tissue blood flows for the fat, uterus, and mammary gland compartments were linearly scaled to the ratio of their respective volume increase over a steady state baseline volume at conception (Gentry et al., 2003) . For the other tissues, blood flows rates were set to values used for an adult female at age 25.
Fetal PBPK submodel
The fetus tissue compartments consisted of the plasma, lungs, fat, brain, liver, kidneys, and the rest of the body, and the temporal growth of these tissues were modeled by fitting data for each to an empirical equation. Data for deriving the equations for the tissues were obtained from (Luecke et al., 1995) and the ICRP report.
Total fetal body weight growth is described using the following equation as described by data from ICRP report ( Figure 4a ):
where Vfet(t) is the fetal body volume (l) and t (h) is the time after conception. Volume of fetal plasma was modeled using an exponential function with parameters adopted from Leucke et al. (1995) and checked against data from (Smith and Cameron, 2002) (Figure 4b ). Fetal liver, kidneys, fat, lungs, and brain volume growth data (Leucke et al., 1995) were fitted to an exponential function as follows:
where x is the fetal tissue volume (l) at a particular time t. The fit of the exponential equation to data is shown in Figure 5 for each tissue with their corresponding parameter (a and b) estimates. The rest of the fetal body was considered to be mostly muscle, bone, heart, thymus and thyroid, which were summed using equations provided by Luecke et al. (1995) .
In an adult, blood circulates from the left ventricle to the systemic circulation and is returned to the right side of the heart, where it circulates through the lungs for reoxygenation. This serial circulatory design is inappropriate for the fetus because oxygenation occurs in the placenta; therefore, a parallel circulation is present. This is made possible by anatomical shunts, which normally close rapidly at birth when circulation independent of the mother is required (Dawes, 1968; Rudolph, 1985) .
Available literature data were used to derive mathematical equations describing blood flow to tissues in the fetal model. Highresolution color Doppler ultrasound technology was used by Mielke and Benda (2001) to conduct a prospective study in 222 normal fetuses from 13 to 41 weeks of gestation to show that the right, left, biventricular heart blood output increased exponentially with gestational age. In the fetal PBPK model, total cardiac output in the fetus (Qcf) was assumed to be equal to the sum of flow from the , 2016, Vol. 152, No. 1 left ventricular heart (Qlvf) and flow from the ductus arteriosus (Qda). Qlvf (ml/min) is fitted to data using the exponential function, Qlvf ¼ 53.68exp(0.06103t); where t is gestational time (weeks). Qda (ml/min) is similarly described by fitting data to the following exponential function: Qda ¼ 49.66exp (0.0693t). Blood flow through the formane ovale (QFA) was approximated to equal Qlvf (Baschat, 2006) . Blood flow from the right ventricular (Qrvf) (ml/min) was also fitted to data using the following exponential function Qrvf ¼ 59.73exp(0.071t). (Mielke and Benda, 2001) . Figures 6a-c are illustrations of derived equations fit to data for Qlvf, Qda, and Qrvf; respectively.
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Fetal total cardiac output (Qcf) is equal to sum of blood flows to fetal tissues and placenta (Qcf¼ P Qt þ Quv), where Qt is blood flow to tissue and Quv is the umbilical vein blood flow (via placenta). Qcf also is equal to Qdaþ Qlvf, thus Qda þ Qlvf ¼ P Qt þ Quv. To continue with the kinetic modeling of chemicals after birth, total blood flows after birth (Qlvf) (where Quv ¼ 0, and Qda ¼ 0) was set equal to all cardiac output flowing to tissues ( P Qt ¼ Qlvf). This leads to the assumption that umbilical blood flow (Quv) during gestation must be to be equal to flow through the ductus arteiosis (Qda), which disappears after birth.
Fetal blood flow to the liver (Qlivf) was described using the portal vein component that is derived from ductal flow (Qpvf) and a direct liver flow via the ductus venosus (Qdv) from umbilical blood flow. Qpvf (ml/min) was fitted against data using the following equation: Qpvf ¼ 0.5737*exp(0.1116 t) where t is gestational weeks (Kessler et al., 2011; Figure 6d ). Blood flow through the ductus venosus (Qdv) was assumed to be 30% of the umbilical vein blood flow (Quv) (Haugen et al., 2004; Kessler et al., 2006; Kiserud et al., 2000) .
Fetal blood flow to the lungs (Qlungf) was set equal to flow originating from the heart right ventricular compartment (Qrvf) minus the flow via the ductus arteriosus (Qda) . No data were available on blood flow to fat in the fetus. In the fetal PBPK submodel, blood flow to fetal fat (Qfatf) was scaled back from the baseline of an infant (5.2% of total blood flow) based on ratio of temporal fetal fat tissue to total fetal volume using the following equation:
Where Qcf is fetal cardiac output (ml/min), Vfatf is the volume of fetal fat (l), Vfet is the fetal volume (l). Hence, fetal fat flow will increase with increasing fat tissue volume until it reaches the neonatal level. Kiserud et al. (2005) and Baschat (2006) approximated blood flow to the fetal brain to be approximately equal to total cardiac output less the pulmonary circuit. Hence blood flow to the brain (Qbrf) was set equal to the blood flow from the heart left ventricular compartment (Qlvf). Fetal blood flow to the kidneys (Qkidf, ml/min) was fitted to an exponential function using available data from Veille et al. (1993) as shown in the equation: Qkidf¼ (4.635exp(0.0716t); where t is gestational weeks (as shown in Figure 6e ).
The rest of fetal body blood flow (Qbf) was calculated as the difference between total fetal blood flow (Qcf) and blood flows to the brain, liver, kidneys, fat, and lungs. Descriptions of the fetal PBPK submodel equations are given in the Appendix.
Hepatic clearance IVIVE
During infant growth to adulthood, temporal in vivo hepatic clearance rates were estimated by linear scaling of in vitro HTS clearance rates using hepatocyte content as a function of liver weight. Data for HTS in vitro hepatic clearance per hepatocyte content were generated using time course levels of chemicals in media in the presence of human hepatocytes at 2 different initial concentrations (1 and 10 mM) (Wetmore et al., 2012, 2014) . Time-course data generated for the disappearance of chemicals using both initial concentrations were used simultaneously to calculate in vitro clearance values for the selected chemicals. The calculations were based on modified equations accounting for passive diffusion into cells, and hepatic clearance (Poirier et al., 2009a,b) .
The following equation was used to estimate concentrations of the chemical in media:
The following equation was used to estimate concentration of the chemical in cells
where A cell and A m are the amounts (pmoles) of the chemical in cellular and media matrices, respectively. V cell and V intra are the cell volume (3.9 ml per 1 million cells) and the total cellular volume (ml), which was calculated using the number of cells in media; respectively. P diff (ml/h•million cells) is the first order constant describing the diffusion of the chemical from media to the cellular matrix. Cl is the first order in vitro hepatic clearance rate (ml/h). Estimation for in vitro hepatic clearance rate using all available data for each selected chemical was achieved by optimizing for Cl and P diff for each chemical (Figure 7) . The optimized value for Cl was then converted to an in vivo hepatic clearance rate for an adult liver using GastroPlus metabolism conversion function.
A comparison between our estimates and published metabolic rates was conducted for Triclosan (the only selected chemical that had measurement data available). Following absorption, Triclosan is metabolized primarily through conjugation reactions to glucuronide and sulfate conjugates that are eliminated in feces and urine (Wang et al., 2004) . Using the Wetmore et al. (2012) in vitro time course data to estimate Cl for Triclosan did not allow us to differentiate between the conjugation pathways for Triclosan metabolism. Therefore, the comparison was made between our in vivo calculated clearance rates and the combined calculated in vivo intrinsic rates from published data. This comparison is reasonable since Wang et al. (2004) suggested that Triclosan glucuronide and sulfate may be formed in the liver at approximately equal rates at environmentally relevant concentrations (1 to 5 lM). Our optimization of the in vitro data for Triclosan resulted in an in vivo Cl estimate of 46 l/h which falls within the range of the converted in vivo estimated values of the combined published in vitro intrinsic metabolic rates in human liver cytosol and microsomes (35-105 l/h) (Wang et al., 2004) .
For all studied chemicals, the resulting hepatic clearance rates were scaled using hepatocyte content. To account for lifestage changes in enzyme activities, hepatocyte content was modeled as a product of hepatocellularity per gram of liver, and liver weight (Barter et al., 2007) .
In vitro HTS data
The U.S. EPA ToxCast project provides HTS data on an expanding chemical library currently consisting of close to 2000 unique compounds across >700 in vitro assays in Phases I and II (complete) and Phase III (under way). This public data set can be used to evaluate concentration-dependent effects on many diverse biological targets and build predictive models of prototypical AOPs that can aid decision making for assessments of human developmental health and disease (Kavlock et al., 2012) . These in vitro assays measure direct interactions between chemicals and molecular targets (eg, receptors, enzymes), as well as downstream effects on reporter gene activity or cellular consequences. Quantitative measures of in vitro activity, such as FIG. 6 . Mathematical equations fit to data describing fetal blood flow for a, heart left ventricular; b, ductus arteriosus; c, heart right ventricular; d, portal vein; and e, kidney.
half-maximal activity concentration (AC 50 ), lowest effective concentration, or statistically significant measures from controls, were derived for each assay-chemical combination (Kleinstreuer et al., 2013 . For the selected chemicals, the HTS assays that mapped to the putative fetal vasculogenesis/angiogenesis disruption AOP were screened against all assays in the ToxCast database using the iCSS dashboard (http://actor.epa.gov/dashboard2). The matched assays were then considered for determining the most sensitive AOPrelated HTS assay with the lowest AC50 (LAC) value for each chemical.
Environmental exposure predictions
To illustrate the utility of the computational approach to estimate AOP-based MOEs, chemicals were selected so that lifetime environmental exposures to pregnant women could either be estimated using available data (PFOS) or using exposure models such as SHEDS-High Throughput (SHEDS-HT) (Pyridaben, Triclosan, and Fluazinam). SHEDS-HT is a physically based, probabilistic, high-throughput model that can simulate aggregate exposures via dietary and residential routes of exposure for multimedia, multipathway environmental chemicals (Isaacs et al., 2014) . SHEDS-HT has recently been parameterized for approximately 2500 case-study chemicals using information describing chemical presence in (1) household consumer products and (2) foods and drinking water. Input data for consumer products were derived from material safety data sheet sources , while food and water concentrations were obtained from the USDA Pesticide Data Program databases (USDA, 2014) . Table 1 provides a list of SHEDS-HT exposure predictions for the adult female in the U.S. population for Pyridaben, Triclosan, and Fluazinam. 
Sensitivity analysis
In general, if one considers that the model's system of equations can be written as
where ! x is the vector of state variables (predicted blood levels) and ! q is the vector of the set parameters (eg, Vmax or Km), then the derivation of the sensitivity equations can be described as:
Switching the order of differentiation leads to a system of ordinary differential equations (ODEs) whose state variables dx j dq i represent the sensitivity of the model states to each parameter. The formulation of the sensitivity equations was completed using the automatic differentiation package for MATLAB, (available at www.mathworks.com/matlabcentral). The system of sensitivity equations were integrated along with the model equations, using MATLAB's ODE solver. Finally, the sensitivities were normalized by dividing by the value of the state variable, and multiplying by the parameter for which the derivative was being determined (ie,
). Normalizing the sensitivities ensures that observed changes are equivalent regardless of the initial magnitude of the parameter or state variable. Results for the most sensitive parameters for the mother and fetal predictions of chemical(s) blood levels are given in Figures 8 and 9 ; respectively. As expected, the oral absorption constant is most sensitive at the beginning of exposure while body weight and hepatic clearance become more sensitive as chemicals are distributed throughout the body (Figure 8) . For the fetal model, the partition coefficients to placenta are most important initially while the brain and fat partition coefficients become more significant as the fetus and tissues grow (Figure 9 ).
RESULTS
Impact of Life-time Exposure on Hepatic Metabolic Scaling During Growth
Quantitative descriptions of metabolic activity changes during development are dependent on specific enzyme ontogeny information, which is dependent on the chemical(s) of concern. These descriptions require the investigations of (1) the type of enzyme(s) involved in metabolic activity, (2) changes in their life-time expression levels, if any, during child development, and (3) the quantitative impact of expression changes on metabolic activity. The identity of enzymes involved in chemical hepatic metabolism can be obtained from the literature if available, can be estimated using commercial software, or can be determined experimentally using recombinant enzyme systems. Information about enzyme ontogeny and expression changes during child development are increasingly available in the literature, as recently reviewed by Hines (2013) . The quantitative impact of changes in enzyme expression during development can then be assessed by scaling of adult enzyme activity using ratios of child to adult enzyme expression levels. When information about metabolic enzyme ontogeny during development is lacking, direct (using hepatocyte content) or allometric (using bodyweight to 3 =4 power) can be used for estimation of adult blood levels in response to life-time environmental chemical exposure (Zaya et al., 2006) . The majority of enzymes involved in drug and toxicant disposition are expressed at lower levels, if any, at birth, but expression can increase dramatically in the perinatal period, generally achieving mature levels within a few weeks to between 6 months and 2 years after birth (Hines, 2008) . However, the impact of low or absent enzyme expression in the neonate and infant is diminished or negligible for estimating steady-state blood levels based on life-time chemical exposures, as is done in this study.
For example, CYP1A2 ontogeny is more delayed, as reviewed by Hines (2012) . CYP1A2 is not detectable in fetal liver, but a progressive increase in catalytic activity and protein levels is observed in postnatal samples with neonates at 4-5% of adult levels, tissue from 1-to 3-month-old infants at 10-15% of adult levels, samples from 3-to 12-month-old children at 20-25% of adult levels, and samples from children aged 1-9 years at 50-55% of adult. Data describing temporal CYP1A2 ontogeny was mathematically described using the interpolation function in MatLab (Mathworks) as shown in Figure 10 . The resulting mathematical description was then used to investigate the difference in blood levels predictions for a chemical during lifetime exposure using both developmental ontogeny data or direct scaling (using hepatocyte content) as shown in Figure 11 . During the neonatal and early childhood stages, predicted blood levels of the chemical would be considerably higher than the steadystate levels attained during adulthood. However, simulated blood levels using both ontogeny adjusted or direct scaling of hepatic clearance converge to the same steady state by 16-17 years of age. Figure 11 illustrates that direct hepatocyte content scaling during development is adequate for estimating steadystate blood levels in adulthood during lifetime exposure scenarios in absence of detailed enzyme ontogeny data. However, this scaling is not appropriate when early life-stages of children health are of concern.
Estimation of the Developmental Vasculogenesis/ Angiogenesis Disruption AOP-Based MOE For PFOS Acid
The life-stage PBPK model was used to estimate 25-year old pregnant woman PFOS exposure levels resulting in maximal fetal blood levels equivalent to a potential level of concern as determined from AOP-based in vitro assays. For this purpose, a modification to the model specific to PFOS kinetics was performed to consider renal reabsorption of the chemical as was described earlier (Loccisano et al., 2013) . This process was described using saturable kinetics with a maximal rate of 3.5 mg/h/ kg 0.75 , and a concentration of 0.023 mg/l at half maximal reabsorption rate (Loccisano et al., 2013) . Partition coefficients for the chemical were estimated using GastroPlus software utilizing tissue specific compositions and chemical lipophilic potential (Table 2 ). Metabolism of PFOS was considered to be insignificant (ATSDR, 2009).
Model simulations for exposure and blood levels were compared with available literature data for PFOS. Blood levels of PFOS in 11 plasma samples of mothers and their corresponding cord plasma samples were determined for a group of women and their offsprings (Midasch et al., 2007) . These observed blood levels fell well within the bounds of several other studies for PFOS (Loccisano et al., 2013 ). The PBPK model was used to backcalculate a lifetime exposure level of 23.02 ng/kg/d that would result in the observed near-birth blood levels of PFOS. This model-calculated PFOS exposure rate was within the range of 3-220 ng/kg/d exposure levels reported for the chemical as shown in Figure 12 (Trudel et al., 2008) . Consequently, given model-simulated exposure level of 23.02 ng/kg/d, blood levels of PFOS in placenta (simulating cord blood levels) were predicted and compared with the observed data (Midasch et al., 2007) . Figure 13 showed that the model-estimated cord-blood levels when maternal lifetime exposure is set to 23.02 ng/kg/d agreed with measured cord blood levels. The life-stage PBPK model calibration (estimating a lifetime exposure level) and evaluation (simulating cord-blood levels) in comparison to published data provided confidence in the predictive ability of the life-stage PBPK model.
For each chemical, HTS assay data that were associated with the putative fetal vasculogenesis/angiogenesis disruption AOP were compared with identify the lowest in vitro AC50 level. For PFOS, this LAC was determined to be 7.67 mM for the hepatic PTEN gene assay (Kleinstreuer et al., 2013 Tal et al., 2014) . The assay measures enzyme activity related to the PTEN gene which is associated with increased cell proliferation and reduced cell death. The life-stage PBPK model for PFOS was then used to estimate an exposure of 2420 ng/kg/d necessary to yield maximal fetal blood levels equivalent to the determined LAC during gestation. This AOP-based exposure level was then divided by the previously model-determined environmental lifetime exposure level (23.02 ng/kg/d) to yield a value for the AOP-Based MOE equal to 105 (2420/23.02). Table 2 . Fetal vasculogenesis/angiogenesis disruption AOP HTS assays were examined, and LACs were determined to be NF-jB expression (a protein complex that controls transcription, cytokine production, and cell survival) for Pyridaben, and vascular cell proliferation for Triclosan and Fluazinam. The estimated LACs for these assays were 0.09, 3.88, and 0.264 mM for Pyridaben, Triclosan, and Fluazinam; respectively (Kleinstreuer et al., 2013 Tal et al., 2014) . Maternal lifetime exposure levels yielding maximal fetal blood levels equal to the selected LACs during pregnancy were determined using the life-stage and fetal PBPK models as 0.09, 120, and 0.34 mg/kg/d for Pyridaben, Triclosan and Fluazinam; respectively. In the absence of literature data, estimated lifetime environmental exposure levels were determined using simulations by the SHEDS-HT model. Using the median environmental exposure levels (50% percentile) for each chemical, AOP-Based MOEs were estimated as 5882 (0.09/1.53e-9), 5714 (120/0.021), and 1.6 Â 10 8 (0.36/2.232e-9) for Pyridaben, Triclosan and Fluazinam; respectively.
DISCUSSION
Utilizing HTS in vitro data to investigate toxicological pathways that may be activated in response to chemical exposure is a core activity for the Tox21 initiative. The assays selected for HTS can be related to biological events that are organized into biological pathways leading to an AO as described in AOPs. Once AOPs are inferred from HTS data, they can be used to screen chemicals based on their possible interactions with MIEs (Ankley et al., 2010) . However, the simple interaction of a chemical with an MIE does not necessarily lead to AOs. The parent chemical should reach the target tissue where the MIE interaction will take place at the right time, and dose, especially when developmental toxicity is of concern. Developing fetuses and infants are especially sensitive to toxicity caused by exposure to xenobiotics. The time and dose to which a developing target tissue is exposed during pregnancy or via lactation after birth are critical factors in developmental toxicology. This time-tissue dose relationship to toxicity can only be determined using resource-exhaustive experimentations which are ethically prohibited. In lieu of experiments, a life-stage PBPK model is helpful because temporal and target tissue dose can be predicted and associated with critical stages during fetal development (Figure 14) . However, application of the PBPK models to a large set of chemicals related to a developmental AOP necessitates quantitative approaches for obtaining physiological and biochemical parameters. In this study, physiological parameters for various life-stages were obtained from or calibrated using literature data, and are applicable to any chemical. Biochemical parameters such as partition coefficients can be calculated using chemical-physical properties and tissue composition. Free fraction of chemicals (a parameter needed for calculating chemical renal excretion) also can be experimentally measured or obtained using published SAR models or commercial software. For the purposes of investigating life-time maternal exposures and its impact on near birth tissue levels in pregnant women, the only parameters that are chemical specific in the model described herein, and need to be obtained from HTS in vitro data, are related to maternal metabolism, transport kinetics and AOP-related responses.
Several factors impact chemical levels in fetal blood during gestational exposures. Quantitatively higher levels of maternal exposure (via food intake) and higher renal clearance rates during pregnancy will impact steady-state levels of chemicals in maternal and fetal blood. Although, the life-stage model was purposefully developed to investigate the impact of maternal chemical clearance on fetal tissue levels, whenever quantitative fetal data on enzyme and/or transporter ontogeny data are available, these chemical-specific parameters could be incorporated into the model to refine model outputs (Hines, 2008) . Placental transport kinetics and fetal metabolic capacity for the chemicals, if present, add further complexities to the delivery and disposition of chemicals in fetal tissues during gestation. Although there are exceptions for a few enzyme systems, fetal metabolism, if present, is usually in the range of negligible to low in comparison to adult levels (Hines, 2012; Tayman et al., 2011) . Transport kinetics for chemicals, specifically across placenta, can be obtained from targeted in vitro assays. These kinetic parameters can be included in the PBPK model whenever they are available. In this effort, chemical transport through placenta was approximated using partitioning between maternal blood and placenta tissue. This approximation is based on tissue solubility of the chemical and is diffusion related, which is a reasonable assumption given that transport kinetic Hill equation approaches a linear diffusion-like transport mechanism quantitatively for low near-environmental exposures levels. More elaborate placental transport kinetics descriptions are needed when chemicals are at high enough saturable levels, cannot cross membranes by simple diffusion, or are inhibited from transport by other chemicals or endogenous chemicals. In these cases, the addition of transporter kinetics in the model will influence the rate but not the amount (integrated over time) of chemical diffusion from placenta to fetal tissue. Therefore, when considering all the assumptions made herein, the estimated levels of parent chemicals in fetal blood using the life-stage PBPK model produced conservative MOE estimates when compared with relevant HTS assay LACs.
Combining knowledge about biological mechanisms (AOPs and in vitro HTS assays), IVIVE toxicokinetics (PBPK models) and exposure estimates (SHEDS-HT Models) enabled the calculations of the AOP-Based MOEs for several chemicals using the following formula:
AOPÀBased MOE
¼
Human dose equivalent to most sensitive In Vitro in vitro AOP assay Estimated human exposure
The intent for estimating AOP-based MOE is to prioritize interest for research and regulation across chemicals, and would not to be appropriate for regulatory decision making. For the set of chemicals used in this paper, the priority for further research and assessment would be PFOS, followed by Triclosan, Pyridaben and Fluazinam when considering the potential for disrupting fetal vascular development. In contrast to the AOPbased MOE, estimated MOEs used in regulatory decision making are usually calculated as the dose at which a point of departure (POD) in the dose-response relationship using toxicological studies in animals (eg, NOAEL) is divided by the dose (exposure level) to which humans are exposed (estimated dietary intake).
Hence, regulatory MOEs are calculated using the following formula:
Regulatory MOE ¼ POD dose ðe:g:; NOAELÞ Estimated human exposure Human health regulatory MOEs are usually compared with uncertainty factors typically used to account for human relevancy of the toxic endpoint and data availability and adequacy for inter-and intra-species extrapolations, and sensitive subpopulations (eg, children, pregnant women). A listing of available MOE estimates from literature for the chemicals used in this study is given in supplementary Table 1 . A large MOE range exists for each chemical based on the choice of toxic endpoint, exposure level, and uncertainty factors used in determining the human equivalent POD. With the exception of Fluazinam, all of the developmental AOP-based MOE estimates in the current study are close or within the same range as these previously reported MOE. In general, for a given human exposure level, an AOP-based MOE would be more conservative than a regulatory MOE because the in vivo estimate of the human dose where biological activity is considered is based on the selection of the 'most' sensitive in vitro endpoint, while in many cases a POD can be identified in an animal study based on an observed toxic endpoint, which may already be indicative of an in vivo AO.
APPENDIX
The presence of the blood shunts in fetal heart, venous and arterial blood ducts, necessitated the separate mass balance description of venous and arterial blood compartments.
Fetal venous blood receives blood tissue, the ductus venosus (bypassing the liver), and loses blood to lung tissue via right heat ventricular, directly to the arterial blood flow through the foramen ovale (FO) in the heart, and to arterial blood directly via ductus arteriosus (Qda). Therefore, the mass balance equation for venous blood is: dMven ¼ ðððQuv À QdvÞ Ã Cpla þ Qlivf Ã Cli þ Qfatf Ã Cfat þ Qbrf Ã Cbr þ Qkidf: Ã Ckid þ Qbf: Ã Cb À QFA Ã Cven À Qlungf: Ã Cven À Qda: Ã CvenÞ
Where Mven (mg) is the amount of chemical in venous blood, Cpla, Cli, Cfat, Ckid, Cb (mg/l)are the chemical concentrations in placenta, liver, fat, kidney, and rest of body, respectively. Arterial blood receives blood flows from venous blood directly via the ductus arteriosus (Qda), Forma ovale in the heart (Qfa), and from the lung directly; it loses blood to tissues including placenta (Quv). The arterial blood flow mass balance equation for the fetus was described as follows: EL-MASRI ET AL. | 241
